The existing rectangular rapid flashing beacons (RRFB) could not be automatically trigged with acceptable accuracy. This paper introduces a strategy to develop an automatic trigged RRFB system using the roadside Light Detection and Ranging (LiDAR). The trajectories of the road users can be extracted in real-time with the proposed LiDAR data processing algorithms. The pedestrian/bicycle crossing intention was predicted with Naïve Bayes (NB) classifier. Different detection zones were provided to detect the pedestrian/bicycle crossing movements in real-time. The updated RRFB system was implemented at one intersection in Henderson, Nevada, United States. The results of the field test showed that the overall false rate of the updated RRFB system is very low (0.68%). The performance of the proposed method is superior compared to the state-of-the-art method. The updated RRFB system can greatly improve pedestrian safety at unsignalized intersections.
I. INTRODUCTION
The motor vehicle laws of the various states require road users to either stop for or yield to pedestrians who are crossing the roadway in an uncontrolled marked crosswalk. But in real world, a lot of vehicles are found that do not yield to pedestrians, which constitutes a conflict between the vehicle and the pedestrian [1] . In the ''Traffic Safety Facts 2016'' released by National Highway Traffic Safety Administration (NHTSA), 1,052 pedestrians and 242 cyclists were killed at intersections in 2016 in the United States, which occupied for 17.6% of total pedestrian-involved fatal crashes and 28.8% of bicycles-involved fatal crashes, respectively [2] . To diminish the potential of conflicts at these locations, several
The associate editor coordinating the review of this manuscript and approving it for publication was Mauro Fadda .
countermeasures have been developed. The widely used methods including adding ''yield to pedestrian'' sign, installing rumple stripes to reduce vehicles' speed, deploying flashing red and amber lights, and adding rectangular rapid flashing beacons (RRFB), etc. [3] . Among those countermeasures, adding RRFB is becoming more and more popular in the United States. Adding RRFB is developed to improve the yielding rate of vehicle to pedestrians. An RRFB shall consist of at least two rapidly and alternately flashed rectangular yellow indications having LED-array based pulsing light sources. This system is solar powered and is linked to the unit on the other side of the street by radio frequency transmitters and receivers. The length of time that the RRFBs flash is determined in advance based on the length of the crosswalk and this predetermined flash period should occur after each actuation. RRFB is suitable for sites with uncontrolled VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ pedestrian crossings, i.e. on those where a marked crossing already exists but which do not satisfy the demands for installing traffic lights. A lot of studies have conducted to evaluate the effectiveness of RRFBs [4] , [5] . Based on the evaluation conducted by previous studies, it was found that the use of RRFBs can led more drivers to yield to crossing pedestrians, which provides a more comfortable and probably a safer environment for pedestrians [2] . It was showed that more than 90% of drivers would yield to pedestrian if they saw the RRFB [6] . However, the benefit of the RRFB depends on pedestrians pushing the button to active the flashing system, to notify the upcoming traffics their intention to cross the street. The yielding rates in the previous studies were calculated based on the assumption that pedestrians pushed the button when they crossed the road. A previous field study conducted in Reno, Nevada showed that a lot of pedestrians did not push the button to cross the road near the University of Nevada, Reno (UNR) [2] . Three major types of unsafe pedestrian behavior (not pushing the button) were observed: a) pedestrian checked his/her phone without checking the traffic; b) pedestrian followed the leading pedestrians. c) pedestrian directly crossed the road, ignoring the traffic [5] .
The yield rate may be reduced if pedestrians did not push the button at the intersections installed with RRFB since drivers may consider that no pedestrian crossing the road if they did not see the lights flashing. It is more dangerous at night time if the pedestrian does not put the button.
To fix this problem, researchers and engineers are looking for an automatic trigged RRFB to increase pedestrian safety at intersections. Several early studies have been conducted related to automatic pedestrian crossing road. For example, Fu et al. [7] used thermal video data to evaluate crosswalk pedestrian safety during nighttime. A detecting zone was created based on the markings of crosswalk in advance. Though this method was effective to detect pedestrians' movements within the detection zone, this method did not consider the situation that pedestrians may cut in the road out of the detection zone. Vasuki and Veluchamy [8] proposed a video-based method to detect pedestrian crossing road for autonomous vehicles. A Support Vector Machines (SVM) was applied to classify pedestrians from the captured images. However, this method could only detect pedestrians in a limited range and could not detect pedestrians if pedestrians were blocked by other vehicles. Guo et al. [9] analyzed pedestrian crossing behavior using video analysis. It was found that various attributes can significantly affect gait parameters of pedestrians. There is a tradeoff for pedestrian detection at intersections. Drivers want to receive the warning information before the pedestrian starts to cross the road so they can have enough time to react. But before the pedestrian crossing the road, the detection algorithm needs to judge whether the pedestrian is going to cross or not, which means prediction is required. Nevertheless, it is usually difficult to achieve 100% of accuracy if prediction algorithms are embedded in the detection algorithm [10] . Therefore, the challenge for developing automatic trigged RRFB is how to detect pedestrian crossing movement as early as possible with relatively high accuracy. Another limitation for the current RRFB system is that the flashing time is fixed. The flashing time may be not enough for old pedestrians to cross the road. For young pedestrians and bicycles, some time may be wasted since they may cross the road rapidly.
This paper developed a systemic method to detect the pedestrian/bicycle crossing the road with the roadside deployed Light Detection and Ranging (LiDAR). The RRFB will be turned on automatically if a crossing event is detected even the pedestrian does not push the button. After the pedestrian finishes the crossing, the flashing light will be turned off automatically. The proposed data processing procedure was tested with the field data at one intersection in Nevada.
II. HIGH-RESOLUTION MICRO TRAFFIC DATA (HRMTD) COLLECTION WITH ROADSIDE LIDAR
To detect the pedestrian/bicycle movements in real-time, the trajectories are used as the input of the detection algorithm. The trajectory data should include the speed, moving direction, and location of the pedestrians, and should be reported in real time. To guarantee of prediction accuracy, the input trajectory should be the High-Resolution Micro Traffic Data (HRMTD) [11] , meaning second-by-second (or at a higher frequency) movement status of the road users. One of the most widely used method is camera/video detection. Video detection can provide high-resolution vehicle speed and location from raw video data with the help of advanced image processing technologies [12] . But to capture the trajectories of pedestrian, the pedestrians' positions have to be manually extracted from the video images using video processing systems [3] . Furthermore, video-based system can be sensitive to meteorological conditions. Light reflection and severe weather can influence the accuracy of video-based detection systems [13] . Radar technology can detect objects without the influence of weather conditions. But the horizontal detection angle for each radar is limited. To cover the 360-degree horizontal area, several radar sensors are required to work together [14] . How to merge the data obtained from several radar sensors into one is also another challenge. The roadside LiDAR technology provides a good solution for HRMTD collection. Compared with the traditional methods (camera/video and radar), the LiDAR sensor usually have a higher resolution and cover a wide detecting range [15] . Furthermore, the LiDAR is insensitive for light variation. The roadside LiDAR, also named side-fire LiDAR or stationary LiDAR, refers to the LiDAR deployed in a fixed LiDAR position, which is different from the traditional applications of LiDAR (airborne LiDAR and on-board LiDAR) [16] . The roadside LiDAR can be temporarily or permanently installed along the roads or at intersections. In our research, we selected the VLP-32c LiDAR sensor for data collection. The major features of VLP-32c is documented in Table 1 . The VLP-32c LiDAR can create 360 • 3D point cloud for its scanned objects by using 32 laser beams. The max detecting range of VLP-16 is 200m (656 ft). 
FIGURE 1. LiDAR data visualized in veloview.
A systemic trajectory extraction procedure from the roadside LiDAR has been well developed in [11] . The procedure includes background filtering, points clustering, object classification, lane identification, and data association. A brief introduction about the major contents of the data processing procedure is described here.
The LiDAR data contains massive information, including vehicles, pedestrians, surrounding buildings, trees, and ground surface, as shown in Figure 1 .
However, the object of interest for our research is road users, which means the background points (surrounding buildings, trees, and ground surface) should be excluded from the space. A raster-based method (RA) was developed to exclude background points based on the features of point distribution in the space [15] . RA is a volumetric processing method for the point clouds. The whole space was firstly chopped into sub-areas using a cube with pre-defined side width. It was found that the change of point density in the background cubes followed a normal-like distribution and the change of point density in the non-background cubes followed a constant trend at different frames. This study considered the cube with the change of point number higher than 2 in two adjacent frames as non-background, as recommended by Lv et al. [15] . Fig. 2 shows a frame before and after background filtering. The example shows after RA, most background points were excluded. Only few noise points were left in the space.
Points clustering is applied to cluster the points belonging to one object into one group and to remove the noises in the space. A revised density-based spatial clustering of applications with noise (DBSCAN), was used for object clustering since it is very effective to cluster density related points in the space [17] . The procedure of DBSCAN is illustrated in Figure 3 .
Based on the mechanical properties of the LiDAR, adaptive values were given to the two parameters in the algorithm: epsilon which specifies how close points should be to each other to be considered a part of a cluster and minPts which specifies how many neighbors a point should have to be included into a cluster. For the detailed information, we refer the readers to the reference [17] .
A probabilistic neural network (PNN) classifier was developed to classify the road users into one of three classes: pedestrians, bicycles, and vehicles. PNN is usually faster and more accurate than the multilayer perceptron network and is relatively insensitive to outliers [18] . PNN uses the Parzen estimators to approximate the probability distribution function (PDF) of each class. The multivariate Bayesian rule is implemented to allocate the class with the highest posterior probability to new input data.
Assuming f 1 (x) and f 2 (x) are the PDFs associated with a pdimensional input vector X for π 1 and π 2 , the misclassification cost ratio and the prior probability ratio can be expressed as
where C(i| j) is the cost of misclassification (one object was classified to π i but in fact it belonged to π j . P i is the prior probability of occurrence of population π i . The PDFs are used to estimate the posterior probability that x belongs to class π i [18] . The PDF in PNN is solved by the Bayesian classifier using Parzen estimator. In the case of the Gaussian kernel, the multivariate estimates can be denoted as
where i is the pattern number, m is the total number of training patterns, X Ai is ith training pattern from category π A , is the smoothing parameter and p is the dimensionality of input space. f A (X ) can approximate any smooth density function. There are four layers in PNN: input layer, pattern layer, summation layer, and output layer [18] . The input units are distribution units that supply the same input values to all the pattern units. Each pattern unit forms a dot product of the pattern vector X with a weight vector W i (Z i = X * W i ). A nonlinear operation (exp[(Z i − 1)/ 2 ]) was performed on Z before transferring the activation level to the summation layer. If we assume X and W i are normalized to a unit length, the nonlinear operation can be expressed as
The nonlinear operation then is in the same form as a Parzen estimator using a Gaussian kernel. The summation unit sums the outputs for the pattern units corresponding to the category and calculates the PDFs. The output layer used the largest vote to predict the target category. Since the input pattern is used for the connection weights, PNN does not need adjusting the connection weights. Five features (number of points, max intensity change, distance between the cluster and LiDAR, max distance in XY plane, and max distance in Z-axis) calculated from the point cloud were selected to represent the difference between different classes. The results showed that an overall 94% of accuracy can be achieved to distinguish vehicles and pedestrians (bicycles were classified to pedestrians due to limited samples).
A lane identification algorithm-multi rectified densitybased spatial clustering of applications with noise (MCDB-SCAN) was developed in a previous study [19] . The MCDB-SCAN can automatically extract the location of lanes and pedestrian walkways by searching the area with the highest density of points in the space. This algorithm can successfully locate the position of the vehicle to its correct lane even under severe weather condition, such as heavy rain and snow.
To continuously track the object, it is necessary to associate the same cluster in different frames. The Global Nearest Neighbor (GNN) was then employed for object tracking [20] . This tracking algorithm utilizes the geometric location information of vehicle key data pair to identify key points in different frames belonging to same object. The trajectories of the road users can be generated after applying the data extraction procedure. The procedure has been coded into C++ by the authors and the free version of the software can be downloaded through the link: https://nevada.box.com/s/3sv7plu5kuhsnynij3kisha902a 30zwm. An example of trajectories of road users is shown in Figure 4 .
The trajectory includes object ID, object type (pedestrian, bicycle, and vehicle), frame ID (time information), speed, moving direction (in a polar coordinates), position (XYZ). The time delay for generating the real-time trajectory is about 0.1 second.
III. PEDESTRIAN/BICYCLE CROSSING INTENTION PREDICTION
The Naïve Bayes (NB) classifier was applied for pedestrian crossing intention prediction [21] . The intention can be simply classified into two types: Yes (Crossing), No (Non-Crossing). One question for applying the NB classifier is to identify the optimal segmentation for different types. The main concept of the training procedure was illustrated as follows. The purpose of segmentation is to divide the trajectory into different ranges and let the number of points meet a predefined threshold (PT). The number of ranges was defined within [Min range (MinR), Max range (MaxR)] in advance. The training data (TD) were first labeled and divided into MaxR. The max number of ranges (MNR) can be identified by checking whether the data meet PT. The probability can be then estimated using the maximum-likelihood estimate approach. The procedure of the NB training is illustrated in Figure 5 . It should be mentioned that if the assumption of NB classifier is that the pedestrian/bicycle used the walkway before they start to cross. But in the real-world, the moving route of the pedestrian/bicycle may be casual, indicating that the prediction may not correctly predict all the pedestrian crossing movements. In addition, the prediction algorithm can only turn on the flashing light automatically. The turning off function is missing here. Therefore, it is necessary to track the pedestrian/bicycle's crossing movement to provide more accurate turning on/off functions. The reason why the bicycle was also covered here was that many cyclists chose to bicycle on the sidewalk even the bike lane is available [2] .
IV. PEDESTRIAN/BICYCLE CROSSING DETECTION
Even the prediction provides a 100% probability of pedestrian/bicycle crossing on the sidewalk, the system will not turn on the light until the pedestrians reach the pole of RRFB (Start line in Figure 6 ).
This setting is used to reduce the false reporting rate to avoid any negative emotion from the drivers since drivers may not trust the system if the light is on but no crossing activity really occurs. To detect the crossing movement accurately, we set five detection zones along the crosswalk, as shown in Figure 6 . The road layout in Figure 6 represents a comprehensive road system which includes two lanes and one bike lane in each direction, median, and two sidewalks in each side. This paper used this specific layout as an example to describe the procedure. The users can also revise the code based on the features of different sites. The positions of the five detection zones can be obtained through the lane identification algorithm. The actual width of each zone should be wider than the width of the crosswalk considering that some road users do not strictly follow the road marking. It can be seen that the shapes of Zone 1 and Zone 5 are different with the shapes of other zones. This is caused by the different path selections of road users when they enter/leave the crosswalk. The angle between the boundary line and the y-axis (the origin is the location of the LiDAR) can be then calculated, expressed as α1 and α2 in Figure 6 (for Zone 1). The object type and moving direction are two important features used for crossing detection. When any pedestrian/bicycle is detected in Zone 2, 3, or 4, the RRFB system should keep turning on. When the pedestrian/bicycle is detected in Zone 1 and 5, it requires for investigation. Assuming the road user enters from Zone 1 and leaves from Zone 5, if the moving directionβ of the pedestrian/bicycle-A is between [α1-45 o , α2+45 o ] when A enters Zone 1, then A is identified as potential crossing user (PCU). If A passes the start line and does not push the button, the RRFB will be immediately trigged on. If the probability of A crossing the road is 100% when A enters Zone 1, then even β does not meet the angle requirement, the RFFB will still be turned on if A passes the start line. But this situation in fact was not observed in the real-world. Otherwise, even A is identified as PCU, if A does not pass the start line, the system will not be turned on to avoid the false report that A does not cross the road but wants to make way to other users. The RRFB usually has a pre-defined fixed flashing cycle (FC), which means that during the FC, the light will keep flashing. The updated system changes the FC into a dynamic one. If A passes the start line (end line) in Zone 5 and there are no other users between the two start lines, the system will turn off the light immediately if the flashing time does not reach the FC. Another situation is that if A does not reach start line in Zone 5 but the flashing time already reaches the FC. The traditional RRFB will turn off the light but this can increase crash risk for A who is still crossing the road. The updated system will send an extension command to the control system (each command will extend a fixed time, such as 4 seconds) until A finishes the crossing activity. The whole strategy can be illustrated in Figure 7 .
V. CASE STUDY
The proposed system was implemented in a real intersection-Green Valley Pkw and Amargosa Trail in Henderson, Nevada. The speed limit on Green Vally Pkw is 35 mph. The annual average daily traffic is 28,500. A VLP-32c LiDAR sensor was installed on a pole in the north of the intersection, as shown in Figure 8 . A heavy-duty Dell computer was installed in the control center to process the LiDAR data automatically in real-time. The computer was connected to the master center of the RRFB system through Bluetooth. Five zones were determined by analyzing the historical trajectories of road users.
Since the field test of RRFB can be dangerous when the system does not work, we applied the virtual test using the offline LiDAR data. The strategy of automatic trigged RRFB system at this site has been coded into C++ and the graphical user interface (GUI) and the collected data sample are free for research purpose through the link: https://nevada.box.com/s/pnhalwu281h9b2u4z6ex29l4r 6vlxrv5.
Based on the trajectory of the road user and the strategy of the update system, the GUI logged the timestamps when the light was turned on and when the light was turned off. Then the logging was further checked by viewing the raw LiDAR in Veloview. There are four types of errors for the updated RRFB system: Type 1: Pedestrian/bicycle crossed, light was not turned on; Type 2: Pedestrian/bicycle did not cross, light was turned on; Type 3: Pedestrian/bicycle did not finished crossing, light was turned off; Type 4: Pedestrian/bicycle finished crossing, light was not turned off. A total of 11-days data were manually checked. There are a total of 885 crossing events occurred in the 11-days data. The errors were summarized in Table 2 . For the two cases of Type 2, it was found that the reason was caused by the dog/cat crossing the road since the current algorithm did not distinguish animal and pedestrians. But the probability of having those special cases is pretty low. The four cases of Type 4 was caused by the bicycles crossing the road. The bicycles did not start to cross the road though the flashing light was on because the vehicle did not yield to them. Then before they reached the end line, PT already exceeded PC. As a result, the system sent an extension command to extend the light flashing time with another 5 seconds (pre-defined in this intersection). Since the speed of the bicycle can be fast, there may be more than 3 seconds left when they reached the stop line. But since the risk of late turning off the light is lower compared to other types of errors, the performance of the updated RRFB system is still convincing (the total false rate was only 0.68%).
Based on the authors' best knowledge, the only study related to pedestrian crossing road detection is the method developed by Zhao et al. [21] . In their study, they used a NB method to predict the pedestrian's crossing intention. We applied their method to process three-days data used by the proposed method. A total of 198 crossing movements were observed during the selected three-days. Table 3 shows the testing results of the two methods.
The overall false rate for the proposed method is 1.02% while the false rate for the method in [17] is 7.58%. If only considering the Type 1 and Type 2, the false rate of the proposed method is only 0.51%. Therefore, the accuracy of the proposed method is significantly improved compared to the method in [17] .
A before-and-after study in the field was conducted to further evaluate the rate of vehicle yielding to pedestrians with/without the automatic trigged RRFB. Two graduate students were hired to check the LiDAR video to see whether the vehicle yield to the pedestrians if a pedestrian or a group of pedestrians crossed the road. A 15-days data before implementing the automatic trigged RRFB and 15-days data after implementing the trigged RRFB were used for investigation. The testing results were summarized in Table 4 . It was shown that the yielding rate increased from 97.17% to 99.8% after implementing the automatic trigged RRFB system. The number of vehicles that did not yield to pedestrians dropped from 75 to 4. The before-and-after study showed that the automatic trigged RRFB system can improve traffic safety.
VI. CONCLUSION
This paper developed an automatic trigged RRFB system with roadside LiDAR data. The major steps include road user trajectory acquisition, pedestrian crossing intention prediction, pedestrian crossing detection, and automatic flashing light control. The case study showed that the proposed method can automatically turn on/off the flashing light based on pedestrian/bicycle crossing detection results with high accuracy. The updated RRFB system can greatly improve pedestrian/bicycle safety at intersections. It should be mentioned that the updated RRFB system serves as auxiliary function for the current RRFB. The similar procedure can be applied to develop automatic trigged flashing light system for wildlife crossing the road as well.
One question for the automatic trigged system is the impact of the system on the change of pedestrian behavior and driver behavior. With the automatic trigged RRFB system, pedestrians may not want to push the button once they know that the flashing light can be trigged automatically. The drivers may not check the pedestrians carefully but only focus on the flashing light once they know there is an automatic system. If someday later the system does not work due to unexpected reasons, the pedestrians may still cross the road without pushing the button since they expect the RRFB will turn on automatically. The drivers may think no pedestrian will show up since the flashing light is off. As a result, the drivers may not slow down their speeds and this can cause the high vehicle-pedestrian crash risk [22] . Therefore, how to address this impact can be a topic for future studies. 
